Glycosylation is one of the most important protein post-translational modifications. O-glycosylation plays important roles in biological functions. There are several variations of O-glycosylation, with each having a different function. In this work, in order to discriminate sugar types in O-glycosylation from protein primary sequences, the characteristics of the sequences around the glycosylated sites were extracted. Fucose (Fuc) and xylose (Xyl) were discriminated with high accuracy by the position-specific scoring matrix (PSSM) based on the amino acid propensities around the glycosylated sites. It was suggested that the characteristics of the sequences modified by Fuc and Xyl could be extracted. However, the discrimination of N-acetylgalactosamine (GalNAc) and N-acetylglucosamine (GlcNAc) was inaccurate, and it was considered that the characteristics could not be extracted because information from the primary sequences was insufficient. The results indicate that PSSM based on protein primary sequences can effectively discriminate some sugar types in O-glycosylation.
sulfation (12) . Glycosaminoglycans tend to adsorb water molecules due to the negative charges in the extended sugar chains. This property is responsible for the complicated structures of the sugar chains in the cytoplasm and for such functions as ligand formation, cell protection, cell adhesion, and cytoskeletal formation (13) (14) (15) . In the cytoskeleton, glycosylation forms gel pores of reasonable sizes and is related to the control mechanism of signal transduction (16) . Fucose (Fuc) and Glucose (Glu) are essential for living cells, and the relationship among Fuc, Glu, and Notch proteins in signal transduction was clarified directly by experimental studies (17) . N-acetylglucosamine (GlcNAc) is known to exist in the nucleus and the cytoplasm, and to control transcription through the inhibition of protein phosphorylation (18) . GlcNAc modification is difficult to clarify experimentally because the sugar molecule degrades quickly without extension in the cytoplasm (19) .
From past work described above, the functions of glycosylated molecules are thought to be related to the type of sugar, and sequence specificities depend on the type of modifying sugar. Vast improvements in mass spectrometry techniques have enabled high-throughput analysis of carbohydrate chain structures. As a result, experimental data of the glycosylation position and the carbohydrate chain structure have increased. Annotations of glycosylation/non-glycosylation, which were based on the experimental data of N-glycosylation in protein sequence databases, including the UniProt Knowledgebase/Swiss-Prot database (20) , have shown a drastic increase. Many prediction methods for N-glycosylation were reported (21) (22) (23) . On the other hand, there is little addition regarding the annotations of O-glycosylation. Only four sequences with the annotation of non-glycosylation for O-glycosylation were discovered in the UniProt Knowledgebase/Swiss-Prot database. Based on the background described above, the development of O-glycosylation prediction tools with high accuracy is assumed to be difficult. Only a few O-glycosylation prediction tools are available, including Oglyc (24) and NetOGlyc (25) for GalNAc prediction and Yin-O-Yang (26) for GlcNAc prediction. However, the tools have low accuracies and can identify only a few sugar types.
In this study, to find the sugar type specificities from the primary sequences around the O-glycosylated sites, the characteristics of sequences around the glycosylated sites were extracted and a discrimination method for the sugar types was proposed, which used the position-specific scoring matrix (PSSM).
Methods

Dataset preparation
Datasets of O-glycan-modified 757 sequences in 254 entries of mammalian proteins were obtained from the UniProt Knowledgebase/Swiss-Prot protein sequence database release 2012_06 by conducting a search with the keywords "mammalia" in OC lines and "O-linked" in FT CARBOHYD lines. Sequences that had "potential" or "probable" annotations in FT CARBOHYD lines were excluded from the dataset. Each set of sequence data included 21 amino acids from -10th to +10th based on the position of the glycosylated sites. The data were classified into eight groups, including GlcNAc, Glc, GalNAc, Fuc, Hex, HexNAc, Man, and Xyl, according to the annotation of sugar types in FT CARBOHYD lines. Representative sequences were extracted from the original data clustered by CD-HIT on the basis of 70% sequence similarity. Figure 1 shows the flowchart for the calculation of position-specific amino acid propensities and PSSM (28) , and the discrimination using PSSM. Position-specific amino acid propensity (f jp ) was calculated according to the sugar type in O-glycosylation. For example, in the propensity calculation of GlcNAc type O-glycosylation, 57 sequences of GlcNAc data were set as the positive dataset and 346 sequences of data of the other types of sugars, including Glc, GalNAc, Fuc, Hex, HexNAc, Man, and Xyl, were set as the negative dataset. The following equation was used to calculate f jp of each position.
Calculation of position-specific amino acid propensities and scoring matrix
Here, p represents the standard points determined from the position with the lowest volume score, and n jp is the frequency of occurrence of amino acid j at position p. To avoid setting the denominator to zero in the PSSM calculation, a "constant mode" for the pseudo-count was introduced (29) :
where ε is the pseudo-count (= 1). The position-specific score s jp was generally computed by dividing f jp by the background propensity, which was calculated from all the sequences in the representative positive dataset and negative dataset. The same background propensity was used for both positive and negative datasets in the original calculation method employed in this study. Therefore, s jp was computed with the following equation:
where f jp positive expresses the amino acid propensity in the positive dataset, and f jp negative represents the propensity in the negative dataset. The discrimination score (S) was estimated by taking the sum of the position-specific scores at various alignment positions and averaging them with the number of added amino acids for positions M to N, as shown in the following equation:
Evaluation of sugar type discrimination accuracy
The n-fold cross-validation test is often used for the discriminant analysis of protein sequences to estimate prediction accuracy based on sensitivity, specificity, and success rate, as shown below:
The threshold for discriminating a positive dataset from a negative one was fixed as follows: (i) if the frequency distributions of the discrimination scores for the positive and negative datasets showed no overlap, the threshold was the average of the minimum score of the positive dataset and the maximum score of the negative dataset; and (ii) if there was an overlap, the threshold was determined by scanning within the overlapping area to ensure maximization of the success rate (equation 7). If there were a number of candidates for the threshold, the average of the highest and lowest candidates was used for the discrimination. In the self-consistency test, the positive and negative datasets were used for PSSM creation and accuracy estimation. In the 5-fold cross-validation test, the average sensitivity, specificity, and success rate of an average of 1000 random selections were calculated by randomly selecting four-fifths of the datasets to create the PSSM and using the remaining fifth to test the discrimination. Table 1 shows the numbers of representative sequences of O-glycosylated sites in mammalian proteins extracted from the UniProt Knowledgebase/Swiss-Prot protein sequence database release 2012_06. Eight sugar types were found in mammalian proteins extracted from the UniProt Knowledgebase/Swiss-Prot database. The data could not reflect directly the number of sugar chains in vivo because the data were extracted according to annotations in the UniProt Knowledgebase/Swiss-Prot database. Because many GalNAc and Xyl data were found in the database, sample solutions including their sugar chains were thought to be stable in experimental processes. The representative sequences were defined for each sugar by CD-HIT. In the case that both positive and negative datasets showed more than 70% similarity to each other, the positive dataset was used as the representative sequence. As a result, the numbers of negative datasets in GalNAc and Xyl showed some differences. GlcNAc  57  348  0  4  248  12  5  8  1  70  GalNAc  249  158  57  4  0  12  5  8  1  71  Fucose  12  391  57  4  245  0  5  8  1  71  Xylose  71  333  57  4  246  12  5  8 1 0 Table 2 shows the accuracies for discriminating each sugar modification in the various calculation domains in the self-consistency test and the 5-fold cross-validation test. In the self-consistency test, positive datasets of GalNAc, Fuc, and Xyl could be discriminated from negative datasets with high accuracy. In the 5-fold cross-validation test, positive datasets could be distinguished from negative datasets with high accuracy, particularly for Fuc and Xyl. Xyl and Fuc datasets could be discriminated from the datasets of the other sugars for the following reasons: The sequence around the Xyl-modified site was thought to have specific characteristics because of the sugars used, only Xyl is a pentose. The sequence around the Fuc-modified site had a significant number of Cys residues. In contrast, GlcNAc and GalNAc datasets were difficult to distinguish from the datasets of the other sugar types. In GalNAc discrimination, the specificities were low because the rate of GalNAc sequences predicted as false positive was high. The sequences modified by GlcNAc extracted from the UniProt Knowledgebase/Swiss-Prot database were assumed to be insufficient due to difficulty of the experimental process, and it was difficult to extract clear characteristics from the GalNAc-modified sequences because there were various structure patterns depending on their function.
Results and Discussion
The position-specific amino acid propensities depending on the amino acid residue characteristics around the O-glycosylated sites were calculated according to sugar type (Figure 2) . The orange region represents the calculation domain with the highest accuracy.
Hydrophobic domains were found near the glycosylated sites for each sugar type. There seemed to be a propensity difference among polar residues, including hydrophilic and charged residues. In both Fuc and Xyl discrimination, specific characteristics were found in the calculation domains. The sequences modified by Fuc had few charged residues, but high hydrophilicity regions were noted. In the sequences modified by Xyl, the propensities of negatively charged residues were significantly high and few positively charged residues were found in those regions. The presence of many similar characteristics in the GlcNAcand GalNAc-modified sequences was thought to be responsible for their low discrimination accuracies.
In this study, the characteristics of primary sequences modified by Fuc and Xyl were extracted and a discrimination method with high accuracy was developed. By combining the proposed method for the discrimination of sugar type with previous prediction tools for O-glycosylated sites, it became possible to discriminate Fuc-and Xyl-modified sequences that were not predicted by the previous methods. In the case of GlcNAc-and GalNAc-modified sequences, propensity differences for discrimination could not be confirmed, as reflected by the low discrimination accuracies. The propensities of hydrophobic and charged residues were high in the sequences around the sugar-modified sites, and domains with those characteristics were thought to form ligands for access by glycosyltransferases. In order to discriminate not only Fuc and Xyl but also other sugar types in O-glycosylation, the tertiary structure around the sugar-modified sites should be taken into consideration. Ongoing identification of novel sugar-modified sites is expected to improve the accuracy of this method.
